Following the Guidelines for Assessment and Instruction in Statistics Education (GAISE) recommendation to use real data, an example is presented in which simple linear regression is used to evaluate the effect of the Montreal Protocol on atmospheric concentration of chlorofluorocarbons. This simple set of data, obtained from a public archive, can be used to tell a compelling story of success in international diplomacy solving a global environmental problem. A description of the use of these data and analyses are presented for a number of courses in applied statistics including introductory statistics.
Introduction
The recently adopted Guidelines for Assessment and Instruction in Statistics Education (GAISE) guidelines (www.amstat.org/education/gaise/GAISECollege.htm) made six general recommendations for the teaching of introductory statistics. The second recommendation was to "Use real data". We would like to suggest an expanded version, "Use real data that tell a compelling story". This paper is meant to provide an illustration of this amended recommendation. The data and accompanying analysis presented in this paper provide both a meaningful example of data analysis using simple linear regression and a story of remarkable success of international cooperation addressing a global environmental problem.
The Montreal Protocol was an international agreement undertaken in 1987 by 191 countries to reduce the levels of ozone depleting substances (ODSs) in the atmosphere. The agreement has met with unprecedented success. Kofi Annan, former Secretary General of the United Nations referred to the Montreal Protocol as "perhaps the single most successful international agreement to date." The schedule for reductions in manufacturing and use of ODSs was not only met but accelerated. Manufacturers of ODSs, rather than resist the phase-out of ODSs, embraced the challenge and developed replacement compounds reversing possible detrimental economic consequences of the treaty (Shende, 2007) .
In all of these qualitative ways, the Montreal Protocol has been uniformly successful, but this paper is not about qualitative measures. Rather, it describes how students are introduced to this story using a set of data that was collected in relative obscurity until discovery of the "hole" in the ozone layer in 1985 (Farman, Gardiner, and Schanklin, 1985) . Many of these data are made publicly available, on the website (gaw.kishou.go.jp/wdcgg/) of the World Data Centre for Greenhouse Gases (WDCGG) maintained by the Japanese Meteorological Agency in cooperation with the World Meteorological Organization (see detailed instructions on how to download the data used in this paper in the Appendix). Some of these data tell compelling stories, as do the data on atmospheric concentrations of chlorofluorocarbons (CFCs), measured monthly by the National Oceanic and Atmospheric Administration on Mauna Loa in Hawaii since 1977.
The Story
The story of the Montreal Protocol, describing the international cooperation of nearly the entire world, is both interesting and compelling. This global story, however, starts very small, at a molecular level.
There's a Hole in the Ozone
Ozone is the name given to the molecule O 3 . Ozone is formed in the stratosphere when regular oxygen molecules, O 2 , are split by the ultraviolet radiation of the sun. The oxygen atoms become attached to molecular oxygen to form O 3 . The amount of ozone in the atmosphere is very small. Even so, the ozone in the atmosphere, along with oxygen molecules, absorbs most of the ultraviolet radiation from the sun. Since ultraviolet radiation is harmful to animal and plant life, the ozone in the stratosphere has a very important protective role for life on earth.
In 1972, Lester Machta reported (Rowland and Molina, 2007) that James Lovelock had discovered a new compound in the earth's atmosphere, trichlorofluoromethane, a chlorofluorocarbon (CFC). Researchers at the Atomic Energy Commission became interested in these new atmospheric components and asked the question "What happens to these compounds in the environment?" The answer they found (which later became one of the reasons they were awarded the 1995 Nobel Prize in Chemistry) was that these compounds slowly rise into the stratosphere where they encounter ultraviolet light that is energetic enough to break them apart. When they break apart, they release chlorine atoms that can act as catalysts for destruction of ozone (Molina and Rowland, 1974) .
Subsequent to the discovery of CFCs in the atmosphere, and an understanding of their potential for ozone destruction, scientists throughout the world began to investigate the problem. Even so, only sporadic measurement and analysis of the ozone layer was conducted until a comprehensive report summarizing the literature was released in 1986, (WMO, 1986) . Even though the report was nearly 1,100 pages with 86 pages of reference, it did not claim to provide proof that CFCs were depleting the ozone layer. It was another three years before a joint NASA-NOAA report (WMO, 1988) was released that provided sound evidence that CFCs were depleting the ozone layer.
The most dramatic evidence of ozone depletion was the seasonal creation of an ozone "hole" over the Antarctic first reported in 1985 (Farman, Gardiner, and Schanklin, 1985) . Particularly in the months of September and October, when Antarctic air is isolated from milder air, the extreme cold facilitates the breakdown of the ozone resulting in depletion of up to 80% in that region. Depletion at that level over population regions of the earth could have dramatic detrimental effects on human, animal, and plant life.
The Montreal Protocol
While scientists were hard at work trying to determine the extent of the CFC problem, governments and industry were debating what should be done about it. A series of international meetings were organized to address the problem. The end result was the Montreal Protocol of 1987, an agreement signed by 191 countries to begin the process of cooperative action toward a solution.
The Montreal Protocol created a schedule for phasing out manufacturing and use of CFCs by participating countries. Table 1 below shows the initial schedule and subsequent revisions. When the Montreal Protocol was first agreed upon, it was not certain that suitable safe replacements could be found for all the purposes for which CFCs were used. Even so, after the Montreal Protocol, CFC manufacturers were quick to dedicate themselves to developing new compounds that could be used for the same purposes as CFCs without ozone depletion potential. The success of these manufacturers to develop suitable replacements for CFCs allowed the acceleration of the phase-out schedule (also shown in Table 1 ). 1990  100%  1991  100%  100%  85%  1992  100%  100%  80%  1993  80%  80%  75%  50%  1994  80%  80%  25%  25%  15%  1995  80%  50%  25%  25%  0%  1996  80%  50%  0%  0%  1997  80%  15%  1998  80%  15%  1999  50%  15%  2000  50%  0% Source: Alternative Fluorocarbons Environmental Acceptability Study: www.afeas.org/montreal_protocol.html
Evaluating the Effect of the Montreal Protocol
Every year since full implementation of the protocol, a yearly review has been produced to assess the success of global efforts. In 2007, a panel of scientists from countries around the world produced a 206-page report (UNEP 2007) that describes progress since the previous report in 2006. We cannot hope to reproduce the detail necessary to assess the entire scope of the Montreal Protocol, but there are publicly available data that can be used to assess the effect of the Montreal Protocol on one very important aspect of the problem, the presence of CFCs in the atmosphere.
Presentation of the Montreal Protocol Story to Students
We have used this story in statistics courses of varying difficulty; a first introductory course, a second semester course, and an applied regression course. In each course, the presentation of the problem, the data, and the analysis follows the same pattern, although the expectations of the students differ according to the level of the course. The sequence below was used in these courses for this case study:
Present the environmental problem similar to the presentation in section 2 above, requiring some independent investigation by the students. The independent investigation provides the students with the 1.
opportunity to encounter, and struggle with, original source material. The purpose is two-fold, to increase their understanding and awareness of the immense amount of work required to address this problem and recognize their limits of understanding, and to enable groups of students to contribute the knowledge they have gained in subsequent discussions. We have found it useful to assign this as a group task, each group being asked to expand on some aspect of the problem that interests them. Some possible topics are The dangers of ozone depletion The 1995 Nobel Prize for Chemistry A simple description of gas chromatography Some aspect of the Montreal Protocol Some aspect of the Montreal Protocol Atmospheric measurements using the flask method CFC measurements at other sites around the world After a basic understanding of the environmental problem has been achieved, introduce the students to the data on the WDCGG web site. A detailed description of how to navigate the site to these data as well as the ftp URL for these data is provided in the Appendix. These data are provided in an ASCII file, which can be read using any standard analysis package. Only three numbers are read from each record; the year, month, and CFC concentration (labeled CFC-11). This provides a good opportunity to demonstrate how to read ASCII files with statistical software being used in the course.
2.
After reading the data, ask the students to think about the numbers they now have available for analysis as shown below: What does a value of 145 for CFC concentration mean? This is not an easy question, and one that does not have a definitive answer. Abstractly, it means that 145 parts of every trillion parts are CFC molecules, even though "parts" could mean mass, volume, or molecular count. Students should be able to provide this abstract answer, but they should also be able to tell us why that answer is not actually true. In practice, we can never measure anything without error, and the error in our measurement may have many sources. In order to identify our sources of error, we need to understand how the measurement was taken, what procedures and instruments were used. With a little forethought on our part in assigning independent investigation by students in part 1 above, descriptions of the procedures and instruments can be provided by students in the class.
Although knowing how the measurement was taken allows us to ask the right questions in order to assess the accuracy of the measurement, it will not be possible to answer these questions fully in class. The chemistry, physics, and engineering behind the gas chromatography measurement instruments are too complex. Therefore, we are forced to rely on faith, that the scientists who designed, built, tested, used these instruments did so correctly. That is not too great a leap of faith, because those scientists used the same kind of science that resulted in other technology we rely on every day. Still, our aim here is not to arrive at a definitive answer to the questions, but to determine the right questions to ask, and to assess the degree to which we can rely on our answers, both to gauge the success of our modeling efforts and to determine when we need other expert assistance.
3.
Ask the students to produce a graph similar to Figure 1 below. This entails a discussion on how to create the variable for the time axis since the data are provided by year and month, which are measured on different scales. In order to produce a graph, time is a single dimension measured on a single scale. For year, one unit equals one year. For month, one unit equals one month. To combine them into a single measure of time, either year or month has to be transformed into the scale of the other. Give this to students as an exercise. Some will transform years into months, and some will transform months into years. For instance, time in months is obtained by the formula (Year*12)+Month. Time in years is obtained by Year+Month/12. Notice that in the last formula, it is assumed that December of 1977, say, will become 1978. This is equivalent to assuming that the measurements were taken at the end of each month. However, the data seem to indicate that the measurements were taken at the beginning of each month. Therefore, time in years should be calculated as Year+(Month-1)/12.
Figure 1. Monthly Atmospheric Concentrations of CFCs (parts per trillion) from January 1977 to September 2004
Before talking about the effect of the Montreal Protocol, it is necessary to identify and agree upon the time periods that will be used for 'before' and 'after' the Montreal Protocol. It can be seen from Table 1 that the original treaty called for a 50% reduction by the year 2000. However, because of the leadership role exhibited by the CFC industry in not only embracing the phasing out of CFCs but also in developing non-ozone-depleting alternatives, the schedule was accelerated by revisions to the treaty in 1990 and 1992. Although the rate of decline in CFC manufacturing declined quickly through 1995 and then began to decline more slowly, (Figure 2 ), a reversal in the trend in atmospheric CFC concentrations can be seen during the years during which the decreases were being enacted. By 1995, the cumulative effect of this 5-year, rapid decline in CFC manufacturing had established a new pattern of change. We usually define the period before the Montreal Protocol as before January 1990 and the period after the Montreal Protocol as after December 1994.
After producing a graph like Figure 1 , ask the students if these data could be useful in determining whether the Montreal Protocol had been successful in reducing atmospheric CFCs. They will, of course, say yes right away, in part because they are perceptive enough to reason that we wouldn't be going through the trouble of presenting these data if the data did not show an effect. Because the reasoning for 5.
their answer was superficial, it will require some time before they can articulate why they think the data can be useful. For instance, one student said, "CFCs were rising, and after the Montreal Protocol CFCs were falling." Our reply was "That is what the data show, but the data also show that the level of CFCs before and after the Montreal Protocol looks about the same, and may even be higher if we look at right before and right after the Montreal Protocol." Discussions we have had generally result in a number of proposed definitions of the effect of the Montreal Protocol. They include a. The difference between the mean CFC concentration before the Montreal Protocol and the mean CFC concentration after the Montreal Protocol.
b. The difference between the annual rate of CFC concentration change before the Montreal Protocol and the annual rate of CFC concentration change after the Montreal Protocol.
c. For some given time value, the difference between the predicted CFC levels using two models, one for before the Montreal Protocol and one for after the Montreal Protocol. After further discussion, students usually agree that a. falls short of capturing the most important feature of the data, that is the rate of change.
Ask the students to estimate and/or test their claim of an effect using the statistics that they know. They will have been introduced to both estimation and hypothesis testing. Our expectation is that after our discussion on what "effect" means in the context of our research question, students will translate that definition into a problem of estimation and/or a hypothesis test. Depending on the level of the course, they may choose the following corresponding to the two definitions of "effect" in 5b. and 5c. above.
5b -The annual rates of change can be estimated by slope values obtained in a simple linear regression. This can be done using separate regressions, or by doing simultaneous regressions within a single model, depending on the level of the class. A point estimate of the difference is done by simply computing the difference in the slopes. An interval estimate and hypothesis test for the difference between the slopes may be presented in a more advanced course.
5c -Point estimates for any selected value of time can be estimated by evaluating the model at the selected value of time. A point estimate of the difference between predicted values is obtained by subtracting one from the other. An interval estimate and hypothesis test for the difference between the predicted values may be presented in a more advanced course.
6.

Data Analyses
After understanding the underlying environmental problem and formulating an acceptable definition for "effect", the students are asked to conduct data analyses to determine the extent to which the data confirm an effect on atmospheric CFCs attributable to implementation of the Montreal Protocol. We have used this problem in an introductory course, in the second semester of an introductory course sequence, and in a regression course. With respect to the analysis of these data, a set of expectations for the different levels are listed below. Figure 1 makes quickly apparent two systematic, yet distinctly different, trends before and after the Montreal Protocol implementation. In order to determine, and justify, the implementation period of the Montreal Protocol, data on CFC manufacturing and use are presented. The international community had agreed at the 1987 meeting to a phase-out schedule (see Table 1 ) beginning in 1990 to reach 50% by 2000, but this schedule was accelerated by agencies within specific countries or groups of countries so that by 1995, most countries had drastically reduced or eliminated the manufacture and use of CFCs (UNEP, 2007) resulting in dramatic decreases in the manufacture of CFCs worldwide ( Figure 2 ).
Figure 2. Worldwide Production of CFCs 1985-2004
The phase-out period of 1990-1995 corresponds closely to the period of trend reversal in the data depicted in Figure 1 . Prior to 1990, the pattern of atmospheric CFC concentration showed a constant rate of increase over time. In contrast, the pattern after 1994 showed a constant rate of decrease in atmospheric concentrations of CFCs over time. The students should recognize that we can estimate and compare these rates of change before and after the Montreal Protocol using estimation from simple linear regression models in and introductory class or using hypothesis testing within a simultaneous regression model in a more advanced class.
Simple Linear Regression Models
Since the data show remarkably constant rates of change during periods that correspond to the times prior to and subsequent to implementation of the Montreal Protocol, these rates of change can be modeled with a simple linear equation. If we take y to be equal to the atmospheric concentration of CFCs in parts per trillion and x to be time in years, then we can use the simple linear regression models in (1) to predict atmospheric concentrations of CFCs over time for before, y 1 , and after, y 2 , the Montreal Protocol implementation respectively. %Equation (1) \begin{equation} \begin{array}{r{}l} y_{1} =\beta_{10}+\beta_{11}x+e_{1} \\ y_{2} =\beta_{20}+\beta_{21}x+e_{2} \end{array} \end{equation}
Using least squares criteria, we obtain estimates for the models in (1).
%Equation (2) \begin{equation} \begin{array}{r{}l} \hat{\mu}_{y_{1} \vert x}} =\hat{\beta}_{10}+\hat{\beta}_{11}x \\ \hat{\mu}_{y_{2} \vert x}} =\hat{\beta}_{20}+\hat{\beta}_{21}x \end{array} \end{equation}
In addition, the Montreal Protocol provides a clear rationale for deciding what dates to use to partition our data. We fit this simple linear model separately for two distinct time periods; prior to1990, and subsequent to 1994, corresponding to data before and after the Montreal Protocol implementation. The results of these analyses are given in Tables 2 and 3 . After estimating the regression models, students are asked a series of questions that prompt reflection on the estimated models:
Interpret the intercepts for each of the regression lines. Do they make sense to you? If so, why? If not, why not? Many students will be confused by the intercept estimates until they reason out the correct interpretation as the estimated concentration at year 0. Even so, the negative value of the intercept in the 'Before 1990' model makes no logical sense with respect to the quantity being measured, because levels of concentration cannot be less than zero. This provides an opportunity to make the distinction between a mathematical model and reality. The model is an abstract conceptualization that can be useful in describing reality, but the model itself is not reality. One of our primary aims is to provide our students with the appropriate mixture of respect and skepticism for statistical analysis of data, the ability to recognize the value while at the same time the limitations of our ability to describe our experience with abstract models.
1.
CFCs are man-made. What year would you guess CFCs were first manufactured using the regression equation estimated with the data from 1977-1990? Using the parameter estimates in Table 3 , the answer to this question is 1962.955, or around January 1963. This question requires an understanding of the relationship between time (x) and CFC concentration (y) described by the regression equation. Although we have discussed the problem as if knowing the value of time allows us to derive the level of concentrations, our mathematical representation can just as easily allow derivation of the value of time from a known level of concentration. Recognition of these symmetric interpretations of the model indicates a deeper understanding of the relationship described by the model.
2.
CFCs were first manufactured in 1931. How would you explain the discrepancy between the actual year they were first manufactured and the year you predicted? Thinking about this question can provide students with several significant insights. First, they will recognize that the model predicts a time that is about 32 years off. That is a large error. This may initially cause them to infer that the model is a poor model. However, examination of a graph like Figure 3 (see Section 5.1) and/or interpretation of the R 2 value of .996 for this model, is convincing evidence that the regression model does a very good job of describing the data. Resolving this apparent contradiction provides an important insight, one that can be generalized to all of science, and if we want to be very philosophical to all human experience. The truth is that there is no logical reason to assume that the ability of our model to successfully describe the data observed between 1977 and 1990 guarantees that it can successfully describe data outside that time period. The insight gained by recognizing this can be profound, because it tells us something about ourselves as humans. Our natural inclination is to assume that discovered patterns are extensible. This kind of reasoning is called induction, and even though it is not logically defensible, empirically it has been fabulously successful. Second, students will recognize that this is a case in which the inductive reasoning, so often used successfully, does not work. The model cannot be successfully used to make predictions into the past. Why not? They will correctly surmise it is because the patterns we observe during the time period of the observed data were not true of CFC concentrations at all times since 1931.
3.
What year would you predict the level of CFCs in the atmosphere will reach zero? Based on their experience with the previous question, most students will not just solve the 'After 1994' regression model for x when y=0 and present that as the answer. They will realize that to do so requires a strong assumption that needs to accompany the prediction. The answer is not simply 'the year 2143.851 or around October 2143', but 'the year 2143.851 if we assume that the rate of decline remains constant until that time'.
4.
Simultaneous Linear Regression Model
Alternatively, a simultaneous regression could be used in a more advanced class to estimate parameters for both lines in the same model. The results of this analysis are shown in Tables 4 and 5 . Estimating this model with standard software will require that the data be set up to explicitly define the design matrix. The data will consist of four columns, x_{1} and x_{2} as described and two additional indicator columns, each paired with an x column indicating with a value 1 that the x-value is not zero and a value of 0 if the x-value is zero. The data below show the setup of the data to explicitly define the design matrix: Using SPSS, we were unable to run the model using the Regression procedure without resorting to executing syntax since it is not possible to alter the collinearity tolerance within the interface dialogue boxes. The following syntax produced the correct parameter estimates for the model above: Notice that we explicitly declared that no overall intercept should be included in the model. This prevents the software from adding another column of ones to our design matrix.
Discussion of this model with students is centered on recognizing that the parameter estimates are identical to the estimates obtained when the models were fit separately. The model was parameterized specifically so that this would explicitly occur. The obvious question then arises as to whether there is any difference between estimating the models together or separately. The difference is easily explained by comparing the separate models in (1) to the combined model in (3) . For the separate models, two error terms are used, e 1 and e 2 . For the combined model, only a single error term is used, e. The difference between the models, therefore, is that the combined model estimates a single error variance rather than the separate error variances estimated by the separate models. This difference results in several questions:
Why would we choose to use one model instead of two? The most compelling reason, and one that students will readily understand, is that combining the models increases our sample size. If we increase our sample size, we can obtain more accurate estimates, that is estimates with narrower confidence intervals. However, this is only made possible because we have assumed that the error variance is constant across all the data. That brings up the second question.
1.
Are we justified in assuming a single error variance? If we examine both the mean squared error of the separate regressions (Table 2 ) and the residual plots from those models (Figures 4 and 5 in Section 6), it is obvious that the error variance for the data prior to 1990 is larger by about an order of magnitude than the error variance after 1994. Given such a large difference, are we justified assuming that they are equal? It is outside of the scope of this paper to diverge into testing this assumption, but it is useful to have the students think about what might cause this order of magnitude difference. By examining the data file, it is clear that the monthly values we used are actually the mean of a sample of measurements taken each month. Our first inclination would be to assume that perhaps the sample sizes after 1994 were larger than before 1990. That would cause the sample means to have smaller variances. However, the sample sizes after 1994 were not larger than before 1990. Therefore, the difference in variances must be due to a decrease in variance between measurements. In other words, the measurement technique was improved. We have not found independent verification of this, but there is a period of time in which no observations were recorded. Prior to that hiatus, the variances were larger than afterwards. Perhaps an ambitious group of students could track down the necessary information to verify this surmise.
2.
How does use of the simultaneous model change our estimates and hypothesis tests? This is a question that the students should be able to answer in general after the discussion of point 1. Our point estimates are unchanged, but the margin of error will be different, and our t-values for our 3.
hypothesis tests will be different. In other words, anything computed from a formula containing the error variance will be affected.
Estimation, Inference, and Interpretation
After the discussion described in Section 3 item 5, students have developed an understanding of what the definition of an "effect" of the Montreal Protocol means with respect to the data. Depending on the level of the class, this understanding still needs to be translated into statements about population parameters and the corresponding sample statistics used to estimate those parameters. The effect defined in 5b of section 3 is written in terms of the difference between the slopes, %Equation (5) \begin{equation} d_{S}= \beta_{11} -\beta_{21} \end{equation}
Our estimate of this difference uses the slope estimates from our regression analyses,
The effect defined in 5c is written in terms of the difference between two predicted values, %Equation (7) \begin{equation} d_{P}=\mu_{y_{1} \vert x}-\mu_{y_{2} \vert x} \end{equation}
Our estimate of this difference uses the predicted values for some value of x from our regression analyses, %Equation (8) \begin{equation} \hat{d}_{P}=\hat{\mu}_{y_{1} \vert x}-\hat{\mu}_{y_{2} \vert x} \end{equation}
Depending on the level of the class, students are expected to provide point estimates for (6) and (8), and inference in the form of interval estimates and/or hypothesis tests using either the simple linear models estimated in Section 4.1 or the simultaneous regression model estimated in Section 4.2 or both.
Simple Linear Regression Models
Our estimates of the slopes, and , in the simple linear regression models for before and after the Montreal Protocol implementation are interpreted as rates of change per year in atmospheric CFCs concentration. Our model estimates that atmospheric concentration of CFCs of increased at a rate of 9.712 parts per trillion per year prior to the Montreal Protocol. Contrast that to the rate of change after the Montreal Protocol, a decrease of 1.833 parts per trillion per year. We have defined our point estimate of the effect of the Montreal Protocol as this difference in the rate of change in (6), a decrease of 9.712-(-1.833)=11.545 parts per trillion in the annual CFC atmospheric concentration rate of change.
We can construct a confidence interval for the rate of change difference as %Equation (9) The degrees of freedom for the t-distribution are
Thus we find our 95% confidence interval for the rate of change difference is 11.545±.113.
If we further ask whether this difference is more than we would expect by chance, a hypothesis test can be conducted comparing the two slopes. Although it is unlikely that the students will suggest the appropriate test, they can readily understand that we may use a t-test for this hypothesis, since the comparison of the two slopes is directly analogous to the comparison of two means. The null and alternative hypotheses are %Equation (13) \begin{equation} \begin{array}{r{}l} H_{0}: d_{S}=0 \\ H_{A}: d_{S} \neq 0 \end{array} \end{equation}
The t statistic is calculated as %Equation (14) \begin{equation} t=\frac{\hat{d}_{S}}{s_{\hat{d}_{S}}} \end{equation} with the standard deviation of the difference and degrees of freedom given by (10) and (12) respectively. Calculation of the test statistic gives t=200.861 with a p-value smaller than .001.
The other way we define the effect of the Montreal Protocol is to determine the difference between what the atmospheric CFC concentration would have been (assuming the same trend were to continue) had the Montreal Protocol not been enacted and what the predicted the atmospheric CFC concentration will be now that the Montreal Protocol has been enacted. Symbolically, the effect is defined as (7) and our estimate of this effect is given in (8) In order to define the effect, we need to choose a date (a value for x) at which the comparison will be made, say January 2009. The predicted concentration levels of CFCs using the pre-Montreal Protocol and the post-Montreal Protocol regression models are shown in Figure 3 as the straight lines obtained by our regression estimates. For the pre-Montreal Protocol model, it was assumed that the CFC concentration levels would continue to rise at the same rate, 9.712 parts per trillion a year until 2009. The predicted level is 446.226 parts per trillion in January 2009. For the post-Montreal Protocol model, it is assumed the CFC concentration levels would continue to fall at the same rate, 1.833 parts per trillion a year until January 2009. The predicted level is 247.408 parts per trillion in 2009. It seems clear that the Montreal Protocol was responsible for this reversal from a yearly increase in CFC concentration levels to a yearly decrease in CFC concentration levels, since the pattern of CFC concentration change over time coincides exactly with the implementation of the protocol. When we calculate the difference between the predicted CFC levels for the two models, that the Montreal Protocol is responsible for a decrease of 198.818 parts per trillion in CFC concentration in January, 2009. We can construct a confidence interval for this estimate of the difference between predicted values as %Equation (15) with the standard deviation of the difference and degrees of freedom given by (16) and (12) respectively. Calculation of the test statistic gives t=328.020 with a p-value smaller than .001. Again, the p-value is very small, indicating that observing these data when the null hypothesis is true is highly unlikely.
Simultaneous Linear Regression Model
The parameter estimates for the linear terms are identical to those obtained in the separate regressions. Our interpretations of the estimated parameters in the simultaneous model are also identical to those of the simple linear models in 5.1. What differs is that the data are pooled to calculate a single error variance instead of two error variances as was done using separate models, one for each regression model. Consequently, the t-values testing whether the before and after the Montreal Protocol slopes are equal to zero are different, 239.554 and -29.410 respectively.
Because the estimated model parameters are the same as in the separate regressions, our point estimates of the slope difference and of predicted values difference are also the same. What differs when using the simultaneous regression model are our inferences based on the stochastic part of the model. With a single error variance for the entire model, we construct our confidence intervals and t-tests as before except with the assumption of homogeneous rather than heterogeneous variances.
The confidence interval for the difference between the slopes is calculated as before, using (9) with the standard deviation of the difference defined by (10). However, the slope variances, (11), do not have the same values as previously since the error term used in their calculation is estimated from all the data. The degrees of freedom for the critical t value are calculated using
Therefore, the 95% confidence interval for the slope difference is 11.545±.146.
The value of t-statistic used to test the hypothesis of no slope differences in (13), is computed as in (14). The standard deviation of the slope difference is calculated as in (10). . Again, this p-value is very small indicating that the probability of observing these data when the null hypothesis is true is highly unlikely.
The confidence interval for the difference between the two predicted values is computed using (15) with the standard deviation of the difference defined in (16) and V i defined as
This results in a 95% confidence interval for the predicted values difference of 198.818±2.366.
The test statistic used to test the hypothesis is calculated as (19) with the standard deviation of the difference and degrees of freedom given by (16) and (20) respectively. Calculation of the test statistic gives t=371.288 with a p-value so small neither the algorithms used in either Excel or SPSS are able to calculate its value. Again, we reject the null hypothesis in favor of the alternative that there is a difference between predicted values that is not due to chance.
Evaluation of the Models
We introduce some form of evaluation of the models in classes at every level, although the extent of the evaluation varies dramatically. For introductory classes, we confine ourselves to defining, computing, reporting, and interpreting the R 2 value. We avoid calling it the coefficient of determination, since the words are not intrinsically enlightening. Instead we call it a measure of the goodness of fit, a phrase that is jargon, but also descriptive. We define it as both the ratio of the regression sum of squares divided by the total sum of squares and, in the case of simple linear regression, the square of the correlation coefficient between x and y. The students are taught to interpret the R 2 value as the proportion of the variance in the data explained by the model. The goodness of fit, measured by the proportion of variability in the data accounted for by the model, is extremely good for each of the models. The R 2 values are .996 and .980 for the simple linear regression models fit to data observed before and after the Montreal Protocol respectively. When combining the models, a single error variance is estimated for the simultaneous model. Therefore, the R 2 value combines the model sums of squares of both individual models in the numerator and the total sums of squares of both individual models in the denominator, and is equal to .995. This is between the R 2 values of the two separate linear models. It, too, is extremely high.
Additional evaluation of the models is performed in the second introductory and advanced courses. In both courses, we examine the residuals plots shown in Figures 4 and 5 . In both residual plots, there is a noticeable pattern that is not consistent with the assumption of the linear model that the errors are normally distributed about zero with a constant variance. In both plots, there is a curvilinear pattern in the residuals. Therefore, a quadratic term was added to both of the models to create the quadratic model %Equation (22) \begin{equation} \begin{equation} \begin{array}{r{}l} \hat{\mu}_{y_{1} \vert x}} =\hat{\beta}_{10}+\hat{\beta}_{11}x +\hat{\beta}^2_{12}\\ \hat{\mu}_{y_{2} \vert x}} =\hat{\beta}_{20}+\hat{\beta}_{21}x +\hat{\beta}^2_{22} \end{array} \end{equation} \end{equation}
The results are displayed in Tables 6 and 7. The R 2 values were .997 and .989 for the two periods respectively. The parameter estimates for the linear term in both regression equations were highly significant with t-values of -9.083 and 9.716 respectively. The parameter estimates for the quadratic terms were highly significant as well with t-values of 9.283 and -9.779 respectively. It is worthy of note that the signs of the quadratic terms indicate whether the change in atmospheric concentrations of CFCs is accelerating up, if the term is positive, or accelerating down, if the term is negative.
Review of the residual plots from the quadratic models shows that the expected pattern of error randomly distributed about zero with a constant variance is now plausible, and a deviation from that pattern is less noticeable. For a class that includes the topic of autocorrelation, connecting the errors from time to time will reveal that there is still a pattern of autocorrelation in the data that could be investigated by further analysis. Although those analyses are not considered within the scope of this paper, these data could be a useful example in a course that covers autocorrelation.
Although the quadratic model is statistically justified in both models, i.e. the quadratic terms account for a statistically significant proportion of the variability in the data, the proportions of variance explained are very small compared to the linear terms. For the purposes of analyzing these data in introductory classes, the quadratic terms have not been used when investigating the primary research question, the impact of the Montreal Protocol. The justification for this is threefold. First, introduction of the quadratic terms makes interpretation of the model more difficult if the purpose of the class is to introduce specific concepts, like rates of change, rather than to be statistically exhaustive. Second, even if we felt compelled to select the best model statistically, the quadratic model would be prone to larger error when extrapolating outside the range of the data, hence requiring a greater degree of caution. In this case, using a linear model without the quadratic term will underestimate the difference between predicted values at some point in the future outside the range of the data. Even so, the differences are highly significant. Third, once a firm grasp of the linear model has been achieved, then further refinement of the model by adding the quadratic term can be introduced. Emphasis in this paper is placed on an understanding of the linear model.
Conclusion
This case study tells a compelling story of international cooperation resulting in the successful collaboration on a global environmental problem. Further, evidence of this success can be encapsulated in a simple set of data that is accessible to students in an introductory course, yet complex enough to allow for use in more advanced courses. This case study also provides a rich context within which to introduce and explore many of the concepts central to the statistical analysis of data, the assumptions entailed by methods of measurement, sampling, and analysis. Lastly, there is a moral to the story. Even though a complete evaluation of success of the Montreal Protocol with respect to ozone layer depletion is beyond the scope of this paper, it is clear that we can claim the Montreal Protocol had a real, positive effect on the levels of atmospheric CFC concentration. So we return to the beginning of the story and ask the students to ponder whether similar international efforts could have similar effects on other global problems.
